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Introduction
The fast electricity demand growth and the possibility of shortages impelled the search of alternatives to supply and even reduce this demand [1] . The increase of supply capacities requires high investments in new generation and brings environmental damage for the scarcity of the natural resources and the greenhouse gas emissions, especially for the fossil fuel based generation. The high energy losses during the generation, transmission and distribution process actually announce that too many units of primary energy are lost in order to carry one single electricity unit to the final user. This scenario keeps the worldwide community interested not only in expediting the penetration of renewable energy sources but also in formulating good thermal building design and reducing the demand peaks. Studies indicate that reductions of between 10% and 25% in electricity demand are achievable through the deployment of Smart Grids [1] . The control of power usage at the consumer side, namely Demand Side Management, is a key concept within the Smart Grid vision. This feature promotes energy efficiency, load flexibility and interaction between the consumers and other power grid stakeholders, through strategies such as demand response (direct load control or voluntary pricebased load shifting), energy saving practices or energy efficient technologies [2] . These strategies require advanced load monitoring, not only to know the user consumption per month but also detailed and disaggregated information about the individual appliance consumption and usage behavior. Traditionally, load monitoring consists on using either historical information, that leads to inaccurate estimations, or systems with one dedicated sensor per appliance, which are more accurate but increase hardware efforts and costs in installation and maintenance of sensors and communication platforms. In order to overcome these drawbacks, another research field has become important recently: Nonintrusive Load Monitoring (NILM). One approach of these applications is to use electrical measurements taken at the house energy meter point and estimate the individual appliance operation and consumption through mathematical algorithms [3] . A smart house is envisioned to include a NILM system to provide more detailed and frequent feedback than the monthly electricity bill, for example, to conform an adaptive load priority list (non-interruptible devices) for each consumer. Moreover, studies demonstrate that this feedback motivates the users to modify their consumption behaviors resulting in savings of up to 15% [4] In order to analyze the impact of the aforementioned factors, measurements of several categories of residential appliances are acquired and processed. The paper is organized as follows. Section 2 presents some background about the appliances selected for the study. Afterwards, Section 3 discusses the measurement framework and section 4 introduces the indices, which are used to characterize the transients in both time and frequency domain. Section 5 presents the results of the measurements, while section 6 summarizes the results in a conclusion.
Categorization of household appliances
The behavior of switching transients is expected to differ significantly between different types of devices. Electronic and non-electronic devices have to be distinguished. Non-electronic equipment includes e.g. resistive heating or directly connected machines. Electronic loads can be distinguished by the power factor correction (PFC) implementation [6] .
No PFC: These topologies consist of a rectifier and the DC link capacitor without any additional PFC components. Examples are Compact Fluorescent Lamps (CFL) with rated power below 25W and some chargers of electronic devices.
Passive PFC: These circuits add passive components such as capacitors or inductors before or after the rectification stage, as low frequency filters, in order to diminish the current distortion. Examples are selected power supplies for desktop PC and selected LED lamps.
Active PFC: These topologies add active components like DC-DC converters and achieve the lowest distortion and the best power factor. Examples are some CFLs with rated power above 25W for 230V/50 Hz and also some power supplies for desktop PC.
Measurement framework
A. Experimental Set-up Fig. 1 shows details about the experimental set-up to measure the switching transients in the laboratory. The equipment under test (EUT) is connected to a power amplifier that simulates the 120ܸ/60 Hz supply. For a more realistic operation, the appliances are switched manually instead of using an electronic switch (sometimes the equipment includes its own switch). An A/D converter connected to a computer controls the amplifier. Voltage and current measurements are taken simultaneously at a sampling frequency of 2 MHz and stored at a computer where the data are processed off line. IEC 60725 [7] provides typical values of the network impedance ܼ in public low voltage grids with 230V/50Hz supply. Based on this impedance a value for 120V/60Hz was derived with Z = (0.6 + ݆0.075)Ω. This impedance is shown as dotted box in Fig. 1 .
Fig. 1. Measurement Set-up

B. Appliance selection
This study involves non-electronic and electronic equipment. The categories of electronic devices described in Section 2 were also included. Table I shows the list of the seven EUT used in the laboratory along with their power ratings. Fig. 2 shows the waveforms of the currents carried by the appliances under a nondistorted 120V/60Hz voltage supply. 
C. Measurement procedure
Switching measurements are carried out with only one appliance at the same time. Each appliance is randomly switched hundred times in order to ensure a good coverage of the half wave by the switching moment between 0° and 180°. The voltages are used these angles. The currents to identify begin and end of the transient as well as to perform the characterization appliance identification.
Indices for characterization of switching transient
Once the measurements are acquired, the samples are processed off-line in MATLAB ® . The signals are segmented and filtered as a preprocessing step. Next are characterized by a set of indices in the time domain. In addition, the data is transformed to frequency and a further set of indices is computed. This transform can be calculated for discrete signals well. The algorithm to compute this transform is based on the Fast Fourier Transform. discrete S-transform, the algorithm the inverse S-transform can be found
A. Time domain
The S-transform of a discrete signal matrix that can be decomposed into a magnitude phase ∅ over the time-frequency plane. discrete frequencies and columns contribute with time location. Each column is like a point in time. For the chara transients, profiles are built by column of .
is the mean of ‫.ܠ‬
indicates how pointed is the signal with value. Power, similar to standard the variability or dispersion Skewness and kurtosis are measures ntropy measures the randomness of the switching transient. The duration, , of the switching transient was also considered as an index.
non-stationary signal because frequency content changes with time. In this sense, transform, are more useful than classical spectral analysis tools to characterize the transform, ܵሺ߬, ݂ሻ, of a signal convolution between the signal ‫ݔ‬ሺ‫ݐ‬ሻ multiplied by an exponential ݁ ିଶగ௧ and a Gaussian ሻ ଶగ௧ ݃ሺ‫ݐ‬ െ ߬ሻ݀‫,ݐ‬
This transform can be calculated for discrete signals as The algorithm to compute this transform is based on the Fast Fourier Transform. More details about the algorithm implementation and can be found in [8] .
transform of a discrete signal results in a complex matrix that can be decomposed into a magnitude and a frequency plane. Rows represent discrete frequencies and columns contribute with time like a local spectrum for that For the characterization of the switching built by selecting the maxima per
be the frequency profile vector of the signal ‫,ܠ‬ where ‫‬ is the maximum of the ݅ ௧ column of . The indices computed from its frequency domain representation are: the energy, given by
the standard deviation, the skewness, the kurtosis and the entropy of , which are computed analogously to the expressions for ‫ܠ‬ in (3), (4), (5) and (6), respectively.
Analysis of Impact Factors
The time and frequency domain indices are used to assess the robustness of the identification in terms of impact factors that can occur under realistic conditions, namely the impact of switching moment, supply voltage distortion, supply impedance and sampling rate. Table II depicts the scenarios that are considered to analyze the effects of voltage distortion and supply impedance.
A. Point on wave of switching
Switching transients might start at different instants of the momentary waveform, for example, close to the zero crossings of the waveform, or close to its minima or maxima. In general, this time instant affects the amplitude and the shape of the current switching transients, and even the frequency profiles. Fig. 3 and 4 show examples of the power (time domain) and the entropy of the switching transients (frequency domain) for all the appliances. In general, all the switching transients show dependency on point on wave. Patterns occur for some of the indices, especially for the non-electronic appliances. On the contrary, the indices of the laptop charger behave more randomly and seem not to be influenced by the point on wave ( Fig. 3b and 4b) . The indices that show more correlation for the point on wave are:
• Time domain. Standard deviation and power, as can be presented in Fig. 3 .
• Frequency domain. Standard deviation, energy and entropy, as presented in Fig. 4 .
The duration is the only index that does not present any relationship with the point on wave. This is reasonable because the duration of the transient is directly related to the time constant which depends on the circuit elements. Table III For example, consider the rows correspondent to the Halogen Lamp in both Tables. In Table III the value of 4,0 implies that the standard deviation and the power from time domain of the switching transients allow the distinction of the halogen lamp from other 4 appliances: the hair dryer (Fig. 3a) , the LED lamp (Fig. 3b ) and the PC power supplies (Fig. 3c) . In Table IV , the entropy from frequency domain of the halogen lamp has a value of 6,0 because it is the only appliance with entropies below 0.5, as is shown in Fig. 4 , so it can be fully differentiated from the others. On the contrary, a value of zero would indicate overlap and the index would not be useful for appliance identification. The suitability of indices for appliance identification is also identified by color. Red means low ability for separation while green represents a high suitability for appliance identification. The summation of all the values in Table III and IV indicates a total discrimination capacity of ૢૡ. ૡ for Scenario 1 (a total value of would provide the ideal separability).
B. Supply voltage distortion
Generally residential LV grids show a flat-top voltage due to the mass use of single-phase rectifiers. Therefore the effect of a voltage distortion level on the switching transient is investigated. Table V and VI includes the indices for the flat-top voltage supply case and they are compared with the non-distorted voltage supply case in Tables III and IV . Similar trends are observed for the indices in both Scenarios. For time domain the indices that provide the highest discriminant information are the standard deviation, the power and the kurtosis, while the entropy is not recommended for this purpose.
On the other hand, the frequency domain indices with more discriminant capacity are the energy and the entropy, while the standard deviation, the skewness and the kurtosis are not good indices for this purpose.
The summation of all the values is ૢ. for Scenario 2, which is less than the value of Scenario 1. In conclusion, the voltage distortion causes a small reduction in the ability of the indices to discriminate the appliances. 
C. Network impedance
Now the variation of the indices of the switching transients in the presence of supply impedance is assessed by comparing Tables VII and VIII with Tables  III and IV. For this scenario with supply impedance some trends can be identified in the indices too. For time domain the standard deviation, the power and the duration are the most discriminant indices, while the crest factor is the least discriminant one. On the other hand, for frequency domain it is found that the energy and the entropy again have the best performance in the discrimination while the standard deviation, the skewness and the kurtosis have the worst one. The summation of all the values for the scenario with the reference impedance connected to the circuit is ૢ. Thus there is a meaningful reduction from the value of ૢૡ. ૡ for Scenario 1 and it implies that the connection to a supply impedance attenuates the ability of the indices to distinguish the appliances.
D. Sampling frequency
The higher the sampling frequency the higher the details of switching transients, but also the necessary storage and processing power. In this case, measurements at 2MHz are downsampled to 40kHz to observe the effect of sampling frequency. The trends of the index performance for appliance identification that were described in Subsection 5B also apply for this case. However, the summation of all the values in the Tables is , which indicate a reduction of the ability of the indices to distinguish the different appliances.
Conclusion
Switching transients provide discriminative information about the individual type of appliance. Several indices can be computed for time and frequency domain. The most promising indices for appliances identification are: 1) Time domain. Standard deviation and power. 2) Frequency domain. Energy and entropy. On the other hand, it is less recommended to use the standard deviation, the skewness and kurtosis of the frequency profiles. Most of the indices of the current transients show dependency on the point on wave of switching, especially for the non-electronic appliances. The most independent index and appliance are the duration and the laptop charger, respectively. The introduction of a supply impedance and a voltage distortion in the setup reduces the suitability of the indices for appliance identification. The presence of the supply impedance is the most critical impact factor. This should be considered for real applications, because certain impedance exists at any socket where an appliance can be connected. Subsequent the specific load signature of the appliance is harder to recognize. The sampling frequency has also influence on the indices of the switching transients. According to the analysis, smaller sampling rates diminish the capacity of the indices for appliance identification. The sampling frequency should therefore be properly chosen in order to guarantee the appliance identification. Under the different measurement conditions, the devices that exhibit more distinctive indices are the hair dryer and the LED lamp while the power supplies have the least discriminant indices due to their similarity in topology and power consumption. The design of an identification strategy based on the application of successive rules is encouraged for future works, by considering the indices with the best discrimination capacity according to this study.
